Who are the most effective lawyers in the Labor Court of Rio de Janeiro? Using data from tens of thousands of legal cases, we construct a network of lawyers (directed and weighted) in order to answer this and other questions. The empirical evaluation reveals a network structure with features commonly founded in other real social networks such as short distances and heavy tailed weight distribution. Metrics such as vertex strength, Pagerank, and closeness were used to rank vertices, identifying the most effective lawyers in the network. By using external information about lawyers and their relationship to different trials we (partially) validate the rankings obtained through the network analysis. This study suggests that the network structure induced by lawyers contains useful information concerning their effectiveness within the community.
Introduction
The Labor Court in Brazil is responsible for settling disputes concerning labor relationships. It is divided into a Superior Labor Court (TST) with jurisdiction throughout the national territory and 24 Regional Labor Courts (TRT) with limited jurisdiction throughout the country. The Regional Labor Court-1st Region (TRT1)-has jurisdiction in the State of Rio de Janeiro.
Judicial labor cases are guided by the principles and norms established in the Procedural Law of Labor. A case has a plaintiff also called the complainant and a defendant also called the claimed. In a legal labor case, the plaintiff triggers the judiciary and is usually an employee, while the claimed is asked to defend himself before the court and is usually a company or an employer.
Currently, all new proceedings are electronic in the TRT1 and managed by a system known as PJe-JT System 1 developed by the Superior Council of Labor Justice (CSJT) and is a branch of the PJe System which is developed by the National Council of Justice (CNJ) in partnership with the courts and participation of the Brazilian Bar Association. The PJe-JT was deployed in TRT1 in June 2012 and today has more than 713,000 and 57,000 cases in the *Correspondence: leoribeiro@cos.ufrj.br Systems Engineering and Computer Science Program (PESC/COPPE), Federal University of Rio de Janeiro (UFRJ), Rio de Janeiro, Brazil first and second instances, respectively. All acts and documents of a proceeding are electronically registered. The data is publicly available (with the exception of those in secrecy of justice) and can be accessed through the web portal of Court 2 .
This paper uses information from cases available in the database of the PJe-JT System, in particular, information concerning the plaintiff and the defendant which usually have one or more lawyers. Despite the public portal, this information was obtained directly from the PJe-JT database but made anonymous by converting names of lawyers into random numbers in order to preserve their identity (we will use such numbers in this work).
Using the cases database, we build network of lawyers nodes correspond to lawyers and a directed edge from lawyer A to lawyer B indicates that A "lost" one or more cases to B. The idea is that when a layer loses a case to another lawyer, for former gives importance to the latter. Moreover, edge have weights to capture the number of lawyers in a given case and the number of times two lawyers have faced each other. Figure 1 shows how a case is encoded in the network. Each case gives rise to a complete bipartite graph (plaintiff and defendant correspond to the two sets of nodes in the bipartite graph) with edges originating on the nodes (lawyers) that "lost" the case (red) and ending on the nodes (lawyers) that "won" (green). All edges generated by this Fig. 1 Examples of networks induced by legal cases. Each legal case gives rise to a complete bipartite graph with directed edges from the lawyers that lost (in red) to the lawyers that won (in green) the case. The quadrants illustrates different numbers of lawyer that won and lost the case (edge weights are exlained in the main text). The final network is given by the union of these complete bipartite graphs complete bipartite graph have the same weight (number shown by the edge in the figure), and is given by the 1/w where w is the number of lawyers that won the case. The edge weight captures the importance of the lawyer in winning the case: a larger w yields less importance to a given lawyer in the winning set; a larger l (number of lawyers that lost the case) generates more edges to a given lawyer in the winning set. Each lawyer in the winning set has a weight given by the sum of the weights of the edges incident to the lawyer, which is simply given by l/w (shown in the figure). This number summarizes the importance of the lawyer in the case: the larger the number, the greater the importance. Thus, winning with less lawyers against more lawyers yields greater importance. An alternative methodology is to give each edge a weight of 1/(wl) such that the weight sum across all edges of a given case is 1. This implies that the weight of winning lawyer is always 1/w, independently of the number of losing lawyers. However, this fails to capture the intuition that winning against more lawyers confers more importance (for example, 2 lawyers winning against 10 lawyers should confer them more prestige than winning against just 1 lawyer). Figure 1A illustrates that each of the three lawyers that lost the case divide their (unit) prestige between the two lawyers that won, thus all edge weights are 0.5, and since there are three lawyers in the losing set, each winner lawyer receives a weight of 1.5. In Fig. 1B , the two winners received weight 1, which is less than the winners of Fig. 1A , since they won against two lawyers instead of three. On the other hand, every losing lawyer divide its (unit) prestige equally, so if many lawyers win against one lawyer their weight will be smaller in comparison to winning with a smaller set of lawyers. For example, in Fig. 1C three lawyers win the case, receiving weight of 0.33 from every losing lawyer, resulting in a total weight of 1 for each. However, in Fig. 1D each winning lawyer receives the same weight of 0.33, but now there is only one losing lawyer, giving a total of 0.33 weight to each winner.
The final network is constructed by taking the union of all complete bipartite graphs (one for each legal case) and adding the weights of corresponding edges. Thus, the edge weight in the final graph is simply the sum of the weights of the corresponding edge across all bipartite graphs. Note that the final graph is not necessarily bipartite, as lawyers win and lose cases, and participate with different sets of lawyers in different cases. Once the final network is generated, a lawyer with a large in-degree (or a large in-weight) and a small out-degree (or small out-weight) is likely to have a greater importance in the network. Note that lawyers that win many cases against many lawyers are indeed relevant to this network. On the other hand, lawyers that win few cases against few lawyers are likely to have a lower relevance. Last, note that some law firms tend to register several lawyers for a given legal case, allowing any of them to officially represent the firm in the suit (mostly for convenience of the firm). The definition of weights used here in some sense compensates for this practice, as it divides by the number of lawyers in the winning set. This paper explores the lawyer network described above. In particular, we provide a characterization of the network revealing several of its structural properties. Our empirical analysis shows that the structure of this network has various common features with respect to social networks. For example, distances are very short and weights follow a heavy-tailed distribution. Beyond network characterization, our main goal is to rank lawyers using just the network structure in order to reveal effective (or relevant) lawyers. We apply classical network ranking metrics, such as Pagerank and closeness and compare their rankings to the lawyers "efficiency" (measured in fraction of cases won). We also propose a modification to the classical Pagerank centrality metric in order to better reflect importance in the context studied. This small modification yields much better results as it exploits the meaning of the network structure-the fact that large out degrees (or heavy outgoing weight) is "prejudicial" to the node.
The remainder of this paper is organized as follows. In the "Related work" section, we briefly discuss the related work. In the "Data source and network" section, we present the dataset and the empirical analysis of the network. In the "Ranking lawyers" section, we present the lawyer rank yielded by different ranking metrics as well as the modified Pagerank metric. The "Conclusion" section concludes the paper with a brief discussion.
Related work
The idea of ranking individuals through social network analysis has been broadly explored in the literature. From scientists [1] to tennis players [2] to employees within an organization [3] , such individuals have been ranked by analyzing some form of social network induced by their interactions. This approach has been quite successful in identifying influential or important individuals in various contexts, either by using generic network centrality metrics or by adapting or proposing context-dependent metrics to establish a more meaningful ranking.
For example, in the context of ranking tennis players, a directed and weighted social network where edges encode direct matches (from loser to winner) has been constructed from data available at the Association of Tennis Professionals (ATP) [2] . An algorithm similar to Pagerank was then used to establish an all-time ranking of all tennis players that ever played the game. A more recent study has taken into consideration the temporal aspects inherently present in sports, producing a ranking for any point in time (e.g., the best tennis player of the 70s or 90s) [4] . The idea behind this ranking is to introduce edge weights that capture the notion that the importance of a win decays with time (e.g., a win last week is more important for a ranking today than a win 5 years ago).
Collaboration networks among scientists have also been widely explored [1, 5] . In such networks, undirected weighted edges represent the co-authorship of scientific papers between scientists. Beyond structural properties of such networks, such as short distances and heavy-tailed degree distributions, these networks have been used to rank scientists and also identify communities (i.e., scientists working on similar fields of study) and different patterns of collaboration between different fields of study.
The interaction patterns between employees of an organization has also been used to construct social networks and to rank individuals according to their influence in the organization [3] . Beyond organizational ties within the organization such as the relationship between supervisor and supervised, the various interactions among individuals have a direct impact on the perception employees have of one another. In this context, social influence based on proximity between individuals and the power they exercise play a central role in establishing more meaningful rankings.
Networks have also been explored in the context of law and legislature. For example, a "Law Network" based on legal cases and citations between them has been constructed and analyzed in the context of American law [6] . The analysis focused on understanding the evolution of the American legal system over time. In a different scenario, a voting network and a donation network has been constructed and analyzed in the context of the Brazilian Congress. Nodes in these social networks are congressman and edges encode either similar voting pattern or similar donation pattern. These networks have been used to understand the impact of partisanship and regionality as well as ranking [7] . Last, a previous version of this work has also explored the same dataset and constructed the same network of lawyers. However, this prior work had a different weight definition and a limited study of the effectiveness of the rankings [8] . In comparison, this work proposes a variation to better encode the effectiveness of lawyers and also provides a better analysis of its effectiveness.
Data source and network
The data consisting of the legal cases used to build the network of lawyers was captured directly from the PJe-JT system for the TRT-1 -the Regional Labor Court with jurisdiction over the state of Rio de Janeiro. We selected electronic cases filed between June 2012 and October 2015 and from these we selected just the cases belonging to the following procedural classes of labor suit: Summary Proceedings, Highly Summarized Proceedings, and Ordinary Proceedings.
Summary Proceedings are regulated by Law 5584/70, and cover only cases of small amount, those not exceeding twice the value of minimum wage. It was created in order to speed up the verdict of individual work lawsuits, not allowing appeals and limited to three witnesses. Due to the very low value of the cases that are subject to Summary Proceedings, it proved inefficient in the Southern and Southeastern regions of Brazil where labor procedural demands are overwhelmingly larger than twice the value of the minimum wage [9] .
Highly Summarized Proceedings, provided for in Article 852-A and the Consolidation of Labor Laws (CLT), deals usually with simple matters. For a case to fit in this class the claim value must not exceed 40 minimum wages. Some of its basic features are that applications should be presented in liquid form, the procedural steps must necessarily be resolved in a hearing, and the number of witnesses should be two.
Ordinary Proceedings are for cases that fall outside the Summary or Highly Summarized Proceedings. It has the following basic features: three witnesses (except inquiry that investigate serious faults requiring six witnesses), applications may be illiquid and there is a reporting requirement at sentence. It is typically used for complex cases or cases against public organizations.
Besides the three procedural classes, we will focus on four outcomes that can occur in these types of cases: lawsuit accepted, lawsuit partially accepted, lawsuit dismissed and lawsuit settled. Lawsuit accepted occurs when the judge upholds the request, accepts the request of the plaintiff and the plaintiff receives what was requested. Lawsuit partially accepted occurs when the judge makes a decision giving partial gains to the plaintif-the plaintiff wins the suits but not the full amount requested. Lawsuit dismissed occurs when the trial of the case is unfavorable to the plaintif-the judge makes a decision in favor of the defendant and not of the plaintiff (e.g., the plaintiff 's request was unfounded). Last, when the two parties make an agreement and the judge approves it, there is a settlement of the case [10] .
Finally, we will consider only those cases that have been confirmed by the courts (cases that cannot be appealed) across all three classes. This means the legal case finished and the decision of the judge is final and cannot be modified, so appeals are no longer possible. Figure 2 shows all cases present in the database, the number of cases in different classes and different outcomes by class. Notice that the class Summary Proceedings has a minority of cases (less than 400) across all possible results, while the Ordinary Proceedings has approximately 10,000 cases (or more) in three of the possible results.
The vertices of the network to be built from cases are lawyers and a directed edge from a lawyer A to B indicates that the lawyer A lost a case for B. So, we need to define the meaning of win or lose and for it we will use the results of the cases. Recall that the construction of the network requires the notion of a lawyer wining or losing. We take the following approach: In proceedings where the lawsuit was accepted or partially accepted, we say that the plaintiff 's lawyers won over the defendant's lawyers, giving rise to a directed (and weighted) edge from every defendant's lawyer to every plaintiff 's lawyer (complete bipartite graph). In a dismissed case, we consider what the plaintiff 's lawyers lost to the defendant's lawyers, giving rise to a directed (and weighted) edge from every plaintiff 's lawyer to every defendant's lawyer.
Note that when the result of a case is a settlement, the lawyers and respective parties have reached an agreement. As shown in Fig. 2 these cases are the most frequent, which is expected because the CLT requires that conciliation proposals and agreements have absolute priority in the Labor Court [11] . Since such cases end with an agreement between the parties, we will not consider them in the construction of the network, as they cannot (easily) be used to unveil the relative importance of the lawyers in the case.
We start by characterizing the participation of lawyers in different cases. Figure 3 shows the fraction of the lawyers who participated in k or more cases. Note that most lawyers participated in just a single case (within the scope of our dataset). A little less than 10% of the lawyers won or lost more than 10 cases and this number drops to less than 0.5% when considering 100 cases or more. On the other hand, we have lawyers that participated in more than thousand cases, indicating that the participation of lawyers in legal cases follows a heavy-tailed distribution. Figure 3 also shows that the participation of lawyers in settlements is larger. This indicates that some lawyers have only participated in cases that have been settled through an agreement. Also note that the tail of the distribution of participation in cases that were lost is heavier than participation in cases that were won. Intuitively, it is more "easy" (common) to lose a case than to win a case. In addition, the tail of the distribution of participation of lawyers in cases that were settled is even heavier-it is more "easy" (common) to settle a case than to lose a case. This analysis indicates that lawyers do participate in many cases both winning and losing, and thus this could give rise to an interesting network. Table 1 provides information about the structure of the lawyers' network, which has 17,575 vertices (lawyers) and 113,990 directed edges. We used the Python module Graph-Tool 3 to build and analyze the network and the Python library Matplotlib 4 to produce the plots. Note that the network has features commonly found in other networks [12] , as we next discuss:
• Low average path length and diameter: The network has an average path length very small in comparison to the number of nodes, only 3.95 in a set with 17,575 lawyers (ignoring edge weights and edge direction). The diameter of the network is also very small: 13. Social networks tend to have very small distances and this is also the case in the lawyers' network.
• Sparse and connected: Many real networks are extremely sparse, showing a very low density (orders of magnitude less than 1), but are extremely "connected" with almost all vertices belonging to the largest connected component. The lawyers' network has a very low density (3.69 × 10 −4 ) and its largest connected component has 97.71% of network vertices. However, if we take directionality of the edges into consideration, the network's largest strongly connected component has 45.97% of the vertices.
• High clustering coefficient: A distinctive feature of social networks are their relatively high clustering (i.e., their tendency to form triangles). The lawyers' network has a clustering coefficient of 7.71 × 10 −3 which is one order of magnitude larger than the network density (3.69 × 10 −4 ). It is important to note that a single legal case generates no triangles in the network-each case gives rise to a complete bipartite graph between lawyers of both parties. This explains the relatively small clustering coefficient of the lawyers' network in comparison to other social networks.
• Degree distribution with heavy tail: Another common feature among many real networks is a heavy-tailed distribution of different properties such as degree and edge weight (i.e., distributions that are quite uneven, with the average orders of magnitude smaller than the largest values observed). Figure 4a shows the degree distribution of the lawyers' network, indicating to be heavy-tailed as values much larger than the average (of 12.97) can be observed for both in and out degrees.
• Edge weight distribution with heavy tail: Fig. 5 shows the edge weight distribution of the lawyers' network, clearly indicating to be heavy-tailed spanning various orders of magnitude. Note that most edges in the network have a small weight: over 30% of the edges have weight less than 1 and less than 1% of the edges have weight greater than 4. Intuitively, this indicates that the number of cases disputed by lawyers that have already faced each other is rather small.
• Vertex strength distribution with heavy tail: The in or out vertex strength is given by the sum of the weights of its in or out edges, respectively. Figure 4b shows the vertex strength distribution also indicating to be heavy-tailed. Note that this distribution is closely related to the degree distribution, and that the in strength (and in degree) exhibit a shorter tail than out strength (and out degree). This difference is more evident for weights greater than 100, and again indicates that is easier (more common) to lose than to win a case.
• Reciprocity: The network has a reciprocity of 0.15, another feature commonly observed in social networks. This means that 15% of the lawyers that have faced each other have both won (equivalently, lost) at least once against each other (i.e., given an edge from A to B there is 15% chance of observing an edge from B to A). Thus, given a pair of lawyers that faced each other, the chance for one of them to have always won (equivalently, the other always lost) is 0.85.
Ranking lawyers
A key application of a network representation of individuals is ranking. In particular, we are interested in using the lawyers' network to rank lawyers according to their effectiveness in conducting legal cases. Can the network structure alone reveal the most effective and also influential lawyers in the labor court of the state of Rio de Janeiro? To answer this question, we will consider different centrality metrics to construct construct a relative ranking of the lawyers. We then evaluate these rankings by quantifying the effectiveness of the lawyers in winning legal cases. The simplest way to measure the "importance" of a vertex in a network is consider its degree, a metric known as degree centrality. In a weighted network, this centrality can be generalized to account for edge weights, giving rise to vertex strength [13] . Moreover, in a directed network this metric can be extended to in and out vertex strength, as with vertex degree. In particular, the in or out vertex strength is just given by the sum of edge weights incoming or outgoing from that vertex, respectively. Table 2 shows the top 10 nodes of the lawyers' network with respect to their in and out strengths along with their in and out degrees. Note that a large degree vertex does not necessarily have a large strength, both for in and out. This occurs because some lawyers face off the same lawyers several times, creating a large weight on the edge. Recall that out edges correspond to losing cases so effective lawyers will tend to have larger in degrees and smaller out degrees. Thus, the in vertex strength is a candidate metric for ranking the lawyers.
Pagerank [14] is an algorithm first used by Google to rank webpages that can be used to rank nodes in any directed and weighted network. The key idea of the algorithm is to define importance recursively: a node is important if important nodes point to it. The Pagerank of a vertex is defined by the following equation: 
where d is the damping factor (set to 0.85 in this work, a traditional value used in several articles), n is the number of nodes in the network, − (v) is the in neighborhood of v (i.e., nodes that have an edge pointing to v), w u→v is the weight of the directed edge (u, v), and d + (u) is the sum of the weights of all directed edges leaving u. The Pagerank may be calculated using an iterative algorithm until the values converge. Another metric commonly used to rank nodes in a network is closeness which captures the distance from a node to all other nodes in the network. The idea is that nodes that are close to other play a more important role in the network. Despite having a few variations, the definition for closeness used in this paper is the following:
where d vu is the distance on the directed graph (ignoring weights) from v to u, V is the set of nodes in the network, and n = |V | is the number of nodes in the network. Note that if there is no path from v to u then d vu = ∞ and thus 1/d vu = 0. This definition is suited for networks that are not strongly connected and that have many connected components which is the case at hand.
Before computing the closeness value for each node in the lawyers' network, we invert the direction of all edges. Recall that an edge from u to v indicates that v won a case against u. However, this does not make the distance from v to other nodes any shorter. Intuitively, more wins would lead to a node being closer to the other nodes. To capture this intuition, we invert the direction of all edges before computing the closeness value of the nodes.
Effectiveness of the rankings
In order to assess the effectiveness of the rankings, we will consider the effectiveness of the lawyers respect to their ability to win legal cases. For each lawyer, we consider the number of cases won and lost by that lawyer, giving a fraction of wins. Moreover, we consider the claim values of all cases won and lost by the lawyer, giving a fraction of claim values that have been won. An effective lawyer is one with a large fraction of wins or a large fraction of claim values won. However, note that claim values used here correspond to requested values and not the actual amount mandated by the sentence. Unfortunately, this last information is not readily available in the database used.
We start by considering the effectiveness of the rankings given by in and out strength, as shown in Table 2 . The effectiveness of the top 10 lawyers according to in and out strength are given in Tables 3 and 4 , respectively. As expected, the effectiveness of top 10 lawyers according to in strength is significantly better than the top 10 lawyers according to out strength. Only a single lawyer in the in strength ranking did not win 50% or more of its cases (both in number of cases and claim values), while none achieved this mark in the out strength ranking. Moreover, the top ranked lawyer according to in strength has won 89% of the cases (187) and the same fraction of claim values (5.3 million reais). And although the top ranked lawyer according to out strength has won a larger claim value (6.5 million reais), claims lost add up to a much larger value (23.4 million reais), indicating that the lawyer is not effective.
Another interesting observation in Tables 3 and 4 is that for most lawyers, the percentages of cases won are quite similar to percentages of claim values won. This is due to claim values having some standardized suggested values and the fact that fractions represent averages across many legal cases (over 100 for almost all lawyers in these rankings).
We now proceed to evaluate the effectiveness of the closeness metric, which is shown in Table 5 . As with in strength, note that only one lawyer in the top 10 has won less than 50% percent of the cases (number and value). We also observe lawyers with very high claim values won (up to 10.3 million reais) and six lawyers winning over 200 cases. When considering the top 10, closeness was shown to be somewhat superior than in strength in identifying effective lawyers.
We now consider the effectiveness of the Pagerank metric to rank the lawyers' network, as shown in Table 6 . Surprisingly, the effectiveness of the top 10 lawyers is significantly lower than that identified by the in strength and closeness metrics, with six lawyers winning less than 50% of their cases (in number and claim value).
Although Pagerank is a well established and generally successful metric, it failed to capture the most effective lawyers of the network. One key reason is the fact that Pagerank does not take into consideration the out degree (or out weight) of the nodes, at least as a first order. However, this is quite crucial for our domain, as high out degree (or out weight) is an indication that the lawyer is not so effective. In order to capture this aspect, we consider the following metric to rank the nodes:
where PR(v) is the Pagerank value for node v (as previously defined) and + (v) is the out neighborhood of node v. Note that this metric simply subtracts from the Pagerank value the out strenght of the node, penalizing nodes that have a large out strength. The effectiveness of this modified ranking metric is showing in Table 7 . Note that the ranking is much superior than Pagerank alone (see Table 6 ). In particular, the less effective lawyer in the top 10 has won 70% of its cases (in number and claim values). This corroborates the intuition that Pagerank does not penalize vertices with large out degree (or out strength).
Last, we present a direct comparison between the different rankings, shown in Table 8 . In addition to the three network metrics considered in this paper, we also show the ranking according to two simple metrics: number of legal cases won; total claim value across all cases won. Note that some lawyers appear in the top 10 ranking for all network metrics, such as 59 and 3117. However, only 59 appears in the top 10 of one of the simple metrics. Moreover, none of the top 8 lawyers in total claim value won appear in the top 10 of any of the network metrics. This indicates that network metrics can capture effects beyond simple statistics, potentially better assessing the effectiveness and influence of the lawyers. Moreover, since some lawyers appear in the top 10 of different network metrics (such as 59 and 3117), this suggests not only that these metrics are somewhat consistent in their effectiveness but that they can also capture influential lawyers. In order to more objectively assess the quality of the network rankings, we evaluate the correlation between the ranking metric and two simple statistics, namely the number of cases won and the total claim value won. In particular, we consider the Spearman correlation coefficient between X(v) and Y (v), where X(v) = {PR(v), C v , in strength} and Y (v) = {number of cases won by v, total claim value won by v}. Last, we consider the top 10, top 50, and all lawyers in the network when calculating the correlation coefficient, with results presented in Table 9 . Note that vertex strength shows a high correlation with both number of cases and total claim value won, in particular for when all lawyers are considered. This is not surprising given that in strength is highly correlated with winning cases. Interestingly, closeness also shows a high correlation with both number of cases and total claim value. Intuitively, winning shortens distances as in edges are created, which could explain this correlation. Last, penalized Pagerank has a high correlation only when considering the top 50, for both simple statistics, but only marginal correlation for the other cases. But note that a high correlation does not necessarily indicate a better ranking of influence or important, in particular if influence or importance is not strongly correlated with the simple metrics, such as winning cases.
Qualitative analysis
In order to better assess the quality of the ranking produced by the various metrics, we conducted a qualitative analysis of some of the lawyers appearing in the top 10. For example, lawyer 59 appears in all top 10 rankings. His activities as a lawyer began in 1989 and he has defended workers in the cities of Rio de Janeiro, Niteroi, and Nova Iguaçu, having participated in a large number of cases (332 in total). Appearing in two top Although not appearing in all of the top 10 rankings, some identified lawyers are certainly influential. For example, lawyer 16604 has great prestige in the area of labor claims, having over 20 years experience since opening his own law firm in the 90s. He defends clients in various kind of cases across different courts in Brazil, showing his influence at the national level. Moreover, in 2015 he received the title of Honorary Citizen of the city of São Paulo. Another example is lawyer 15928 who works in one of the Brazil's largest law firms. This law firm is recognized by analysts of the legal sector and by publications in this area, having won numerous awards in recent years, being one of the best Brazil law firms in 12 areas by the journal Analysis Advocacy 500 2015 [15] and one of the best Brazil law firms in 22 areas by Chambers Latin America 2016 [16] .
Several other lawyers listed among the top 10 have years of experience in the field of labor law with most of them working for employees or worker's unions. Clearly, ranking nodes in the lawyers' network using different centrality metrics can reveal both effective lawyers (in terms of winning cases and claim values) and influential lawyers (in terms of recognized prestige in their field).
Conclusion
Various different networks can be represented from publicly available data and analysing their structure can lead to useful insights and important applications. This work considers thousands of legal cases in a specific labor court (in the state of Rio de Janeiro) and constructs a network of lawyers. The key idea in constructing the network is to capture relative importance among the lawyers, creating weighted edges from lawyers that lose to lawyers that won the case. An empirical analysis of the structure of this social network indicates that is has many common features with other real social networks, such as short distances and heavy-tailed distribution for edge weights and node degree.
Beyond characterizing the network structure, we propose and evaluate different network metrics to rank the lawyers. The key idea is that by exploring the network structure induced by winning and losing legal cases we can better identify effective and influential lawyers, much beyond using simple statistics, such as the number of legal cases won or the total claim value won. An analysis of the effectiveness of the lawyers in the top 10 ranking of different metrics indicates that the the network structure can indeed be used to identify effective and influential lawyers. Surprisingly, the classic Pagerank centrality metric failed to identify effective lawyers but a penalized variation compensate for nodes with large out strength proposed here showed better performance. The quantitative analysis indicated that network metric rankings consistently identify lawyers that are not in the top rank of simple statistics, showing the potential of a networkbased analysis. The qualitative analysis also revealed that some lawyers identified by the centrality metrics are quite influential in their field and many have a large experience in the practice of labor law. Thus, clearly the lawyers' network encodes a great deal of information that can be used to reveal important aspects of the domain, including the effectiveness of lawyers and their relative importance. 
